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Visual Analytics
for discovering group structures
in networks




Exploratory Analysis
in Networks

Most network analyses try to detect
a given type of structure, such as

= Small-world

Watts & Strogatz, Nature 393,440 (1998), ....
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Exploratory Analysis
in Networks

® An exploratory analysis tries to discover an

unknown structure.
_ Ne;wman & Lelcht PNAS |04 9564 2007
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Visual Analytics

® Visual interaction between the human user
and the analytical tools for analyzing and
interpreting high-dimensional complex data

° We take th|s approach for dlscoverlng an.
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Discovering Unknown
Group Structures

Ungrouped network

Only 5% of links
are chosen
randomly and

0 0 o
X3, Xz, Xp) Distinct groups!?
Degree Betweenness centrality
Neighbor’s mean degree Laplacian eigenvectors
2nd neighbor’s mean degree Normalized Laplacian eigenvectors

Clustering coefficient Mean shortest path



How it works:
Random 2D Projection

Ungrouped network

Only 5% of links
are chosen
randomly and

Randomly chosen
2D subspace




How it works:
Visual Interactions

Figure 1 Figure 1

File Edit View Insert Tools Desktop Window Help File Edit View Insert Tools Desktop Window Help
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How it works:
Patterns of User Inputs

Divide Binary patterns of divisions
Data Projection

point #1 #2 #3 #4
( #1
#2
#3
#4
#5
#6
#7
#8
#9

File Edit View Insert Tools Desktop Window Help
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How it works:
Grouping Binary Patterns

Choose number of groups
Grouping of binary pattern

Principal Other
pattern patterns

[ #1 0000 0100
#2 1111 N/A
#3 1101 1100, 0101

Group

\




Ungrouped network Grouped network
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2nd Normalized Laplacian

Colors - discovered assignment

Ellipses - prescribed assignment
1st Normalized Laplacian eigenvector P P g




Properties Discriminating Nodes
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For node property j, define [ N
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1st Normalized Laplacian eigenvector

(i set of indices for nodes in group &
|Gk| = the number of nodes in group k

We choose node properties with largest 1;, and
project points onto the corresponding subspace.



Example 2

Community Structure

Ungrouped network Divide

Figure
File Edit View Insert Tools Desktop Window Help
i

Discriminating node properties
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2nd Laplacian eigenvector
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Average degree of neighbors

o

L\o.og

0.03

Pwithin = 0.3
Pacross = 0.03




Example 3
Mixed Group Structure

Ungrouped network Divide

Figure 2
File Edit View Insert Tools Desktop Window Help
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Discriminating node properties
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Example 4: PACS Network

RAPID COMMUNICATIONS

PHYSICAL REVIEW E 73, 065106(R) (2006)

Synchronization is optimal in nondiagonalizable networks

Takashi Nishikawa' and Adilson E. Motter™”
hematics, S hern Methodis. ‘niversity 15, Texas 75275. USA
ton, Illinois 60208, USA
os, New Mexico 87545, USA
06)

PACS number(s): 89.75.—k, 05.45.Xt, 87.18.Sn [ ... uine weighs and airec

bility formalism to all possible

ers, maximally synchronizable

L sing unidirectional information

flow with normalized input strengths. The Ylts provide insights into hierarchical structures observed in
complex networks in which synchronization is impSggnt.

DOL: 10.1103/PhysRevE.73.065106 PACS number(s): 89.75.—k, 05.45.Xt, 87.18.8n

Under extensive study in recent years is how the collec- the network dynamics can be linearly decomposed into
tive dynamics of a complex network is influenced by the  eigenmodes, i.e., the coupling matrix of the network is diag-
structural properties of the network [1], such as clustering  onalizable. Indeed, we show that maximally synchronizable
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Nodes are connected if there are

89 75 05.45 more papers than expected by

Nonlinear dynamics :
A random & independent occurrence

Complex systems and chaos



xample 4: PACS Network

Data source: http://www.atsweb.neu.edu/ngulbahce/pacsdata.html
Reference: M. Herrera, D.C. Roberts and N. Gulbahce, arxiv:0904.1234



4. PACS Network

Figure 1
File Edit Wiew Insert Tools Desktop Window Help
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Clustering Coefficient

Degree

Average shortest —
path length

Average
shortest
path length

20
Clustering Coefficient




A problem with
k-Means Clustering
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Future Work

Comprehensive benchmarking

® As a network group detection method:

agalnst communlty detectlon algorlthms
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Future Work

® Can we substitute human eye with 2-means
clustering or unsupervised two-class SVM!?

® Exploring a high-dimensional network
parameter space glven only coarse & non-
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